Proper planning and execution of mass vaccination at the onset of a pandemic outbreak is important for local health departments. Mass vaccination clinics are required to be setup and run for naturally occurring pandemic outbreaks or even in response to terrorist attacks, e.g., anthrax attack. Walk-in clinics have often been used to administer vaccines. When a large percentage of a population must be vaccinated to mitigate the ill-effects of an attack or pandemic, drive-through clinics appear to be more effective because a much higher throughput can be achieved when compared to walk-in clinics. There are other benefits as well. For example, the spread of the disease can be minimized because infected patients are not exposed to uninfected patients. This research extends the simulation modeling work that was done for a mass vaccination drive-through clinic in the city of Louisville in November 2009. This clinic is the largest clinic set up in Louisville with more than 19,000 patients served, over two-thirds via ten drive-through lanes. The intent of the model in this paper is to illustrate a general tool that can be customized for a community of any size. The simulation-optimization tool will allow decision makers to investigate several interacting control variables in a simultaneous fashion; any of several criterion models in which various performance measures are either optimized or constrained, can be investigated. The model helps the decision maker determine the required number of Points of Dispense (POD) lanes, number and length of the lanes for consent hand outs and fill in, staff needed at the consent handout stations and PODs, and average user waiting time in the system.
Introduction
Proper planning and execution of mass vaccination at the onset of a pandemic outbreak is important for local health departments. Mass vaccination clinics are required to be setup and run for naturally occurring pandemic outbreaks (e.g., seasonal flu or H1N1 outbreaks) or even in response to terrorist attacks (e.g., anthrax attack). The most recent outbreak of H1N1 in 2009 highlighted the importance for governments to make or update plans for mass vaccination [1, 2] . Though forecasting natural disasters is difficult, data shows that the frequency of these disasters is increasing. According to Michel-Kerjan and Slovic [3] , more than half of the earth's costliest catastrophes since 1970 have occurred since 2001. The authors point out the reasons behind this increase is due to the growth of the world's population at a fast rate, larger concentration of assets in high-risk areas, and the increase in social and economic dependencies. They predict that disasters will continue to increase in frequency and intensity. Although not all disasters will require mass dispensing of vaccines and medical supplies, it is clear that the disasters expose our vulnerability and point out the need for detailed planning in order to minimize the impact of a disaster.
To minimize the number of people affected by a disaster, the response by the public health protection agencies must be fast and efficient. As a first line of response during a pandemic influenza outbreak, governments begin vaccinating people with seasonal flu vaccines before the strain specific vaccine is developed. To be able to distribute the medical supplies in a short period of time, a number of national stockpiles (also called Strategic National Stockpiles (SNS)) are located around the country. Each location holds large quantities of medicines including flu vaccines and medical supplies to protect the American public in the event of an emergency. Each state and vendors also carry some inventory in their warehouses in anticipation of an emergency and until national SNS supplies arrive. In the event of emergency, the national supplies can be deployed to any of the states in the United States within a 12-hour time period. It is then the state's responsibility to ensure distribution of supplies and vaccines to PODs in a 24-to 48-hour time period. The focus of this paper is the design of a drive-through mass vaccination clinic to vaccinate a large number of people in a short period of time.
An estimate of the number of cases and deaths that would result from an influenza attack in a large urban area is presented by Kaplan, Craft, and Wein [4] . They argue that timely mass vaccination results in both far fewer deaths and much faster epidemic eradication for a wide variety of diseases and is an important intervention mechanism. Reid [5] presented a study to compare drive-through and walk-in mass vaccination clinics and concluded that drive-through mass vaccination is an efficient method for delivering vaccinations to the masses safely and quickly. Unfortunately little research has been done in the area of modeling mass vaccination clinics, especially the drive-through mass vaccination clinic.
Zerwekh et al. [6] presented outcomes of a drive-through exercise conducted by the Hawaii Department of Health to distribute SNS supplied medications. The authors conclude that a drive-through clinic model can effectively dispense SNS medications with minimal bottlenecks during public health emergencies. The Bioterrorism and Epidemic Outbreak Response Model (BERM) used in the study predicts the number and type of staff needed to respond to a disaster. The capability at the clinic level has been included in the model presented in this paper as the model predicts the number of different types of workers needed at each station in the drive-through clinic. Carrico [7] discussed the operational aspects of a drive-through vaccination clinic and mentions that the scale of drive-through vaccinations can vary based upon operational scope and the physical locations available for dispensing.
The above studies attest that the research presented in this paper is a valuable contribution. Lee et al. [8] [9] [10] have developed a software package called RealOpt which allows users to investigate locations for dispensing-facility setup, clinic and POD layout design, staff allocation, and disease-propagation analysis. Public Health departments in the United States use RealOpt for the above mentioned capabilities. The model presented in this research can be used in conjunction with RealOpt as RealOpt does not have the capability of designing a drive-through clinic as presented in this research. Hupert et al. [11] mention that computer simulation modeling may assist in designing walk-in antibiotic distribution centers.
They conclude that discrete event simulation modeling is a useful tool in developing public health infrastructure for bioterrorism response. Aaby et al. [12] presented discrete-event simulation models, capacity planning and queuing system models to improve clinic planning for the Montgomery County (Maryland) Public Health Services. The above two papers describe the simulation models for walk-in clinics and our research will be extended to have a simulation model with both types of clinics as actually done in city of Louisville. Another paper by Aaby et al. [13] presented a spreadsheet based model called Clinic Planning Model Generator with the similar decision making capabilities including size of the PODs, number of patients vaccinated, number of staff, and process flow in a POD, as in [12] but the model was developed to overcome the need of specialized discrete-event simulation software like, Arena. Washington [14] presented a discrete event simulation to evaluate the capability and cost of a mass influenza and pneumococcal vaccination clinic. Mason [15] The techniques of operations research have been employed in healthcare for over 30 years with varying degrees of success (Rais and Viana [17] ). Most of the applications have involved the use of either simulation methodology or optimization methodology alone. In recent years however, these two methodologies have been used in a combined fashion, as is discussed in this paper. For examples, see the applications of Lee et al. [18] in the management of dialysis therapy, Lamiri et al. [19] in the area of operating room planning, and Haijema et al. [20] in the area of blood platelet production.
Seymour [21] observes that many general clinicians have little or no exposure to analytical or simulation modeling techniques. He suggests the introduction of modeling techniques necessary to further develop software which is easy to use and fully compatible with existing data handling and computer systems.
In the published literature, both analytic and simulation models are used for a variety of problems in healthcare. For complex problems, simulation models are much more flexible and versatile compared to queuing analytic models. Also, for making any changes in the model, it is much faster to develop the logic and modify a simulation model than an analytic model.
To estimate important performance measures of the drive-through clinic and help build the confidence of the event planners and law enforcement, the Logistics and Distribution Institute (LoDI) at the University of Louisville partnered with the SPHIS to develop a simulation model for the drive-through lanes. One of the authors in this paper was directly involved in the data gathering process and also for the entire model development phase. In addition to estimating key performance measures, the simulation model also helped the project planners to make changes to important design variables such as the number of PODs, the number of consent form handout lanes and the number of consent form fill-in points. The model also provided an estimate of the staff needs at each of the different parts of the drivethrough (see [16] ). Since the model was developed specifically for the city of Louisville, the Department of Homeland Security (DHS) officials who funded a larger effort for pandemic response expressed the need to make the model general enough so that it could be applied to any community, large or small. In response, a new simulation model has been developed. It is a generalized version of the original model for Louisville. The model is developed in Arena, v13 software [22] . The input distributions for arrival rates of people and processing rates at different stations used in the model are determined from data gathered during the H1N1 drive-through vaccination clinic held in Louisville, Kentucky in 2009 [23] . The new model has been tested for the number of people vaccinated in the city of Louisville and the results were consistent with those from the original model and the field observations. We have also tested the model for communities of various sizes.
Material and Methods
We designed and built a discrete-event simulation model of the drive-through mass vaccination clinic using Arena 13.0 offered by Rockwell Automation [22] . Based on our experiences from an H1N1 and seasonal flu vaccination clinics, we had acquired knowledge of the key operations in a drive-through clinic. For model validation, the data pertains to the input distributions for vehicles arrival and processing times at different points of service were also available from the same. The flow of vehicles -cars, minivans, sport utility vehicles, pickup trucks -is shown in a flow diagram of the system (see Figure 1 ). The various stages in a generic drive-through clinic are listed below.
 Arrival
Depending upon the expected number of vehicles (user input) arriving at the clinic during the day and the multiplication factor for each hour (can be default or provided by the user), the model generates the number of arrivals for each hour. After a vehicle arrives, the number and mix (adult and children) of individuals is assigned to each vehicle. After entering the system, As an example, consider a clinic that is open for 12 hours, from 7AM to 7PM. If the number of cars set to arrive is 10000, and the multiplication factor for the first hour is set to 1.1, then the expected number of cars for the first hour is 917 (= 1.1 * 10000/12).
 Consent Form Hand Out
At this point of the drive-through clinic, each individual in the vehicle receives a consent form to be filled out. Each vehicle is assigned one consent form worker who distributes and then receives the filled-out consent forms from the passengers in the vehicle. In this way, multiple vehicles in any specific lane can be processed simultaneously for the consent form hand out and fill in activities, if the lane has more than one consent form worker; the number of consent form workers is another input control variable for the model.
 Consent Form Fill-in
After receiving copies of the forms, the people in the vehicle fill them out. The time required for a vehicle to pass this part of the system depends upon the length of the queue (driving time) and the mix of individuals in the vehicle (form fill-in time). It is assumed that adults will fill out their own forms and then fill out the forms for any children in the vehicle. 
 Detour or Depart from the System
After receiving services at the POD, the vehicles either leave the system right away or take a detour that allows people in the vehicle that may be experiencing some after effects of the vaccination, to stay in the clinic a bit longer. The probability of a vehicle getting detoured has been modeled as a user input.
In summary, the basic flow process for the vehicles is given by the following sequence of activities. Of course, not all of these activities will occur for each vehicle-for example, if there is space in the chosen vaccination lane, then activity 7 does not occur. In the model, all the stages which the cars pass through follow the first-in-first-out (FIFO) rule. This FIFO rule is recommended during the actual clinic operations also to minimize the probability of accidents and to minimize staff required to regulate the traffic. 
Results
The model was tested for a variety of scenarios. One of scenarios and the inputs used in parts of the model are from the data gathered during the drive-through clinic [22] .
Scenario 1, H1N1 Drive-through clinic, held in Louisville KY in 2009
In the first scenario, we ran the model to compare the results of the model with the actual data Table 1 , the number of people vaccinated improves slightly but the average time in the system worsens with almost twice the amount of time spent in the system in the scenarios with the longer consent form lane. The similar effect can be seen in the last nine scenarios shown in Table 1 where the length of consent form lane is increased from 900 feet to 950 feet. experiments for number of vehicles ranging between 4,000 and 10,000 in a 12-hour day.
Using different population sizes allows us to perform sensitivity analysis with a variety of problem sizes and to present this simulation model as an evaluation tool for the decision makers in communities of any size. The decision makers are assumed to be local or state health departments responsible for organizing mass vaccination clinics. To derive the design parameters we used the optimization tool OptQuest [22] . OptQuest is an application that decides how to change model inputs that the user selects and then runs a sequence of simulations to search for a combination of these inputs that optimizes an output performance measure designated by the user. The main algorithms that OptQuest uses are the heuristics known as scatter search and tabu search. OptQuest enhances the analysis capabilities of
Arena by allowing the user to search for near-optimal solutions within a simulation model.
This procedure involves following steps:
 The model is run for a set of decision variables. The objective function (1) minimizes the waiting time for a car in the system prior to administration of the vaccine to the occupants. Constraint (2) ensures that the fraction of vehicles not entering the system does not exceed a specified percentage. This constraint can also be an additional objective, but for this study we used it as a constraint. Constraint (3) ensures that the space constraints for the clinic are met. To investigate the impact of different values of the parameter "X" on average waiting time for the cars, we conducted a sensitivity analysis as shown in Table 3 . The analysis was done for 10,000 cars. The value of X was varied between 0.01 to 0.2.
The analysis shows that there is no feasible solution for 3% or fewer cars rejected from the system. The results are intuitive for values of X between 0.04 and 0.2. As the percentage of cars that can be rejected increases, the average waiting time decreases.
One important aspect for large communities is that it is possible that the space recommended by the model may have to be split among multiple locations due to the nonavailability of a large enough field. Traffic management will also be problematic in large cities compared to medium and small cities, though traffic management is outside the scope of this model.
Discussion
The model is a useful and user-friendly decision making tool for planning a mass vaccination Compared to walk-in clinics, drive-through clinics also minimize the spread of the virus and offer the convenience of waiting inside a vehicle. The feature that makes the model unique is that it can be customized and used for communities of any size which may or may not have prior knowledge of simulation modeling. Because the main users of this model will be the public health departments who have the responsibility for organizing these clinics, ease of use is one of the most important aspects of a model.
An extension of this work can be the integration of this model with a layout design tool.
Once the user identifies the settings for a clinic, a layout design tool can propose different layout options to choose from and the user can select the option that best fits the available space.
